We present a computational method for operon prediction based on a comparative genomics approach. A group of consecutive genes is considered as a candidate operon if both their gene sequences and functions are conserved across several phylogeneticallyrelated genomes. In addition, various supporting data for operons are also collected through the application of public-domain computer programs, and used in our prediction method. These include the prediction of conserved gene functions, promoter motifs, and terminators. An apparent advantage of our approach over other operon prediction methods is that it does not require much experimental data (like gene expression data and pathway data) as input. This feature makes it applicable to many newly sequenced genomes that do not have extensive experimental information. In order to validate our prediction, we have tested the method on Escherichia coli K12, in which operon structures have been extensively studied, through a comparative analysis against Haemophilus influenzae Rd and Salmonella typhimurium LT2. Our method successfully predicted most of the 237 known operons. After this initial validation, we then applied the method to a newly sequenced and annotated microbial genome, Synechococcus sp. WH8102, through a comparative genome analysis to two other cyanobacterial genomes, Prochlorococcus marinus sp. MED4 and Prochlorococcus marinus sp. MIT9313. Our results are consistent with previously reported results and statistics on operons in the literature.
INTRODUCTION
Operons represent a basic organizational unit of genes in the complex hierarchical structure of biological processes in a cell of prokaryotes. They are mainly used to facilitate efficient implementation of transcriptional regulation in microbial genomes (1) . Operons provide highly useful information for the characterization and construction of biological pathways and networks, at a large scale. Therefore, the prediction of operons at the whole genome level is one of the most fundamental and challenging computational problems in microbial functional genomics.
Generally, genes in an operon are arranged in tandem in the genomic sequence and delimited by an upstream promoter and a downstream terminator. Operationally, an operon has the following properties, which can be used for their prediction:
1. An operon consists of one or more genes, arranged in tandem on the same strand of a genomic sequence; 2. Intergenic distances within an operon are generally shorter than the inter-operon distances. Hence genes within an operon generally form clusters along the genomic sequence; 3. Genes in an operon have a common (upstream) promoter and a (downstream) terminator, while the intergenic regions within an operon usually do not contain any promoter nor terminator; 4. Genes in an operon tend to have related functions, which are expected to belong to the same functional category; 5. As a functional unit, the neighborhood relationship of genes in an operon tend to be well conserved across phylogenetically-related species. This makes comparative genomics a plausible approach to operon prediction 6. If microarray gene expression data is available, genes of the same operon exhibit highly correlated expression patterns.
Because of the importance of operons in functional studies of a microbe, in the past decade a great amount of efforts has been devoted to investigation of effective methods for predicting operons and a number of algorithms have been developed. These algorithms differ mainly in the operon characteristics that they use, and are summarized below.
1. Overbeek et al. (2) proposed a method to search for gene pairs of close bi-directional best hits (PCBBH) across genomes. These PCBBH pairs form conserved gene clusters that can be used to infer functional coupling. Apparently, the functional coupling information is useful in operon prediction, although the authors did not specify the connection between PCBBH pairs and operons explicitly in the paper.
Salgado et al. (3) introduced a method using intergenic distance distributions and
gene functional annotations to predict operons in prokaryotes. However, accurate functional annotations are usually not available for newly-sequenced genomes. 3. Ermolaeva et al. (4) proposed a computational method to estimate the likelihood that a set of conserved genes forms an operon. This is based on a mechanism of validating conserved gene pairs by the frequencies of their appearances in multiple genomes. The method also requires that neighboring genes in an operon are within a certain distance and all genes in an operon are located on the same strand. However, it does not consider (conserved) functions of the genes or promoters and terminators in their upstream and downstream regions, respectively. 4. Craven et al. (5) developed a probabilistic learning approach to whole-genome operon prediction based on statistical characteristics derived from a variety of operon data including nucleotide sequences (e.g. intergenic distance distribution), transcription control signals (e.g. existence of promoters/terminators), gene expression data, and functional annotations associated with genes. This approach first learns a model for estimating the probability that an arbitrary sequence of genes constitutes an operon. It then uses a dynamic programming method to assign each gene in a given genome to its most probable operon, including operons consisting of single genes (although such singletons will not be considered as operons in this paper). This approach is based on information present in a single genome and is only applicable to well-studied genomes. 5. Sabatti et al. (6) applied a Bayesian classification scheme to gene microarray expression data and then validated the resulting potential operon pairs (POPs), which are simply pairs of adjacent open reading frames (i.e. ORFs) in a genome. This approach again relies on experimental data from a single genome. 6. Zheng et al. (7) developed an algorithm that relies on the fact that genes in an operon tend to encode enzymes that catalyze successive reactions in metabolic pathways. Although yielding a high prediction sensitivity as well as specificity, this approach has an apparent limitation that metabolic pathways of studied genes must be given in advance, which is usually not available for a newly sequenced genome. In fact, operon information can be essential for the construction of pathways (8) .
Clearly, most of these algorithms require a significant amount of experimental data as input (in addition to gene annotation), which considerably limits their applications. In this paper, we present an operon prediction method that employs a comparative genomics approach and incorporates several popular computer programs from the public domain, including BLASTp (9) for homology search, COGnitor and the COG database (10,11) for assigning COG IDs and functional categories, SIGSCAN (12) and the TFD database for identifying promoters, and TransTerm (13) for finding rho-independent terminators. The supporting information given by the last three programs is combined to define a likelihood score for a predicated operon to be a true one. The parameters used in the likelihood score are estimated by examining the 237 known operons in Escherichia coli K12 (14) . This method requires only a sequenced genome with gene annotation and can thus be applied to recently sequenced genomes that have not been under extensive experimental investigation.
In order to evaluate the performance of our prediction, we tested it on genome E. coli K12, in comparison with genomes Haemophilus influenzae Rd and Salmonella typhimurium LT2, and successfully predicted 178 of the 237 known operons. After the initial validation, we then applied the method to a newly sequenced and annotated microbial genome, Synechococcus sp. WH8102 (15) , based on comparisons to the genomes of two other closely related microbes, Prochlorococcus marinus MED4 and Prochlorococcus marinus MIT9313 (16) . Our results are consistent with the known operons in Synechococcus and previously reported statistics concerning the distribution of operons in a genome. The detailed prediction results can be found at the website <http://www.cs.ucr.edu/~xinchen/operons.htm.>
A COMPARATIVE GENOMICS APPROACH TO OPERON PREDICTION
With the availability of a large number of complete genome sequences (e.g. about 149 complete microbial genomes have been sequenced so far) for a variety of organisms, comparative analysis is becoming an invaluable tool for understanding genomes and has proven to be more powerful than methods that utilize information from single genomes.
Comparative analysis is based on a common belief that functional segments tend to coevolve at slower rates than nonfunctional segments, which makes well-conserved regions likely to be of high interest (2) . Comparative genomics methods are especially useful for analyzing genomes that have been recently sequenced without extensive experimental studies, as a great amount of information could be derived through identifying corresponding genes or other functional elements between a newly sequenced genome and previously well studied ones.
Our comparative genomics approach for predicting operons is outlined in Fig. 1 . Here, we use Synechococcus sp. WH8102 as the target genome and Prochlorococcus marinus MED4 and Prochlorococcus marinus MIT9313 as the reference genomes to illustrate the basic idea of our method, though our approach is applicable to any microbial genome and related reference genomes. For simplicity, the names of these genomes are shortened respectively to WH8102, MED4 and MIT9313 in the rest of this paper. There are four major steps in our method. Given a target genome (e.g. WH8102) and some related genomes (e.g. MED4 and MIT9313) with annotated genes/ORFs, we first conduct pairwise genome comparison through finding corresponding (orthologous) genes for each pair of genomes, using BLASTp. The program COGnitor is then used to assign each gene a COG ID. The resulting pairs of matching homologous genes (i.e. with the same COG IDs) are used to build a multi-stage graph (called gene-matching graph). The second step is to cluster neighboring genes in the target genome that are conserved across the reference genomes into gene groups and to check if they satisfy several constraints that usually hold for operons, resulting in candidate operons. The third step is to produce for each candidate operon a likelihood score that takes into account several pieces of supporting information such as consistency of function categories among the genes in the operon and the existence of conserved promoters and terminators. Finally, predicted candidate operons are sorted based on their likelihood scores. The details of our method are described below.
An interesting question in the above approach is how to choose the reference genomes. It is known that gene order is not conserved in microbes (17) , but the composition of the genes in an operon is often conserved in closely related species. In distantly related species, operon structures have undergone extensive shuffling during evolution and hence their gene compositions are generally not conserved (17, 18) . Based on these observations, we propose to use genomes that are closely related to the target genome as the reference genomes in this comparative genomics method. Of course, such a preference could potentially lead to more erroneously predicted operons (i.e. false positives). However, the probability of getting such false positives should be small, since it is known that genes in very closely related microbial genomes such as different strains of E. Coli have been extensively shuffled except for the orthologs belonging to conserved operons (19, 20 
Pairwise genome comparison
We match a pair of genes based on two pieces of information: homology measured by the BLASTp program (9) and COG ID generated by the COGnitor program (11) . The program BLASTp is widely used to identify homologous genes based on the local alignment of their protein sequences. An E-value is provided for each BLASTp, representing the expected frequency of such an alignment appearing in two random genomes. The smaller an E-value is, the more probable the two genes are homologous. The COG ID of a gene assigned by the COGnitor program refers to a cluster of orthologous groups (i.e. COG) of genes in the COG database (10) . A gene is given a COG ID if it has homologous hits from at least three lineages recorded in the COG database. Genes with the same COG ID are predicted to be orthologous or in an orthologous set of paralogs, and typically share the same function. We have observed that a pair of genes satisfying one of the following conditions below may not always satisfy the other one:
1. The E-value of BLASTp for a pair of genes is smaller than a pre-defined threshold (e.g. 1e-20 as used in our experiment on WH8102); 2. The two genes have identical COG ID as assigned by COGnitor.
Therefore, a pair of genes is considered to be a match only when they satisfy both of the two conditions. In other words, we expect matching genes to have the same functions as defined in the COG database. In the case that a gene is not characterized by COG, we would assume that it has the same COG ID as any other genes since its function is unknown yet. Among the 2517 annotated genes in WH8102, 1343 genes have been assigned COG IDs. The numbers of genes with assigned COG IDs in MED4 and MIT9313 are 1060 (out of 1712) and 1241 (out of 2265), respectively. Namely, an average of 56.1% of genes have been characterized by the COG database. Once all possible pairwise comparisons among all genes in the target genome are made, we build a multi-stage gene-matching graph. Fig. 2 shows a simple 3-stage gene-matching graph for three genomes. Notice that, if there are k genomes under consideration then a total of 2 / ) 1 ( k k pairwise genome comparisons by BLASTp and COGnitor will be performed. The time required by BLASTp for comparing a pair of genomes is proportional to the total length of the two genomes (9) and the time required by COGnitor is proportional to the total number of genes. 
Gene clustering
Given a multi-stage graph of matching genes, a simple and exhaustive search algorithm is used to cluster genes in the target genome into groups, each of which satisfies the following conditions:
1. If the genes are listed in their sequential order (as given by their locations on the target genome), then each pair of consecutive genes in a group } ,..., { 1 k g g should be separated by no more than some pre-defined distance. In our experiment on WH8102, we set the distance threshold as 150 bps. This threshold was chosen based on the average distance between all consecutive genes in WH8102, which is about 96 bps, and the intergenic distance information from some well characterized operons of WH8102 and closely related microbes. 2. All genes in a clustered group have the same transcription direction. That is, they are located on the same strand of the target genome. should also satisfy the two conditions above in its own genome. Observe that the genes in two matching groups do not necessarily have the same sequential order in terms of their locations in their respective genomes. 4. If there exist two or more reference genomes with matching gene groups, then these corresponding gene groups are required to match each other too.
Our prediction method outputs gene groups from the target genome that satisfy all the above conditions as candidate operons. As an example, for genome a in Fig. 2 , two candidate operons {a1, a2, a3} and {a6, a7, a8} could be predicted if they satisfy all the conditions listed above. The detailed procedure for clustering genes is given below. , retrieve all the matching gene groups in the reference genomes from the gene-matching graph, and check whether there exists one (or more) such corresponding gene group satisfying the first two of the above conditions and the fourth condition if it applies. If yes, output such a gene group as a candidate operon in the target genome.
. If n i , all genes in the target genome have been processed and the algorithm is thus terminated; otherwise go to step 2.
Although the above procedure is an exhaustive search algorithm because it has to consider all possible gene groups in step 2, it is in practice very fast and requires only a little memory. This is because a candidate gene group usually consists of a small number of genes. For example, clustering genes for the three genomes (WH8102, MED4, and MIT9313), each with about two thousand genes, takes only 53.4 seconds on a PC (2.4GHz).
A likelihood score based on supporting information
In order to provide a quantitative measure on how likely a predicted operon is a true one, we assign a score to each candidate operon as follows. First, we collect a "profile" for each candidate operon using several public domain programs. The profile includes information about the consistency of gene functions as given by COGnitor and the existence of conserved promoters and terminators as predicted by SIGSCAN and TransTerm. Secondly, a likelihood value is calculated for each item in the profile. The sum of all these likelihood values gives an overall likelihood score for a candidate operon to be a true one. Finally, all the candidate operons are sorted based on their overall likelihood scores. The details are explained below.
Functional categories from COGnitor
Genes in an operon are involved in a specific functional process or pathway. Therefore, such genes tend to share the same (or related) functional category. Based on this observation, a confidence value can be calculated for a predicted operon by considering whether its genes have the same functional category. A key issue here is how to derive gene functions for a newly sequenced genome.
The COGnitor program (11) gives a simple and effective method to infer gene functional categories without requiring much experimental knowledge. Recall that the program was used earlier to classify each gene into a COG. The COGs comprise a framework for the analysis of evolutionary and functional relationships among homologous genes from multiple genomes (10) . In particular, the genes belonging to a COG are likely to be involved in the same or similar functional processes.
In the COG database, there are four functional categories at the first level and a total of 16 categories in the second level (see the appendix). Intuitively, we would expect the genes in an operon to share the same first-level COG functional category and perhaps the same second-level COG functional category too with high probability. In order to test this hypothesis, we studied the 237 known operons from E. coli K12 that have been experimentally verified (14) . We collected the COG functional categories for the genes in these operons using COGnitor. Because genes in the fourth (first-level) functional category are poorly characterized and their functions are generally unknown, these genes were ignored in the following consistency checking. Out of the 237 known operons, only 39 (i.e., 16.5%) consist of genes from different first-level functional categories. In other words, in each of the remaining 83.5% operons, the genes either belong to the same firstlevel functional category or fall into the (fourth) poorly characterized category. We also considered the question of how many pairs of neighboring genes share the same secondlevel functional category. Again, gene pairs that contain at least one gene from the poorly characterized category were ignored. We found that, for the known operons that are conserved in only one reference genome, 67.7% (132 out of 195, denoted as 0 p ) of the pairs of neighboring genes share the same second level functional category. As a comparison, among the neighboring gene pairs across the borders, only 24.2% (8 out of 33, denoted as 1 p ) share the same second level category. For the known operons that are conserved in two reference genomes, the corresponding percentages are 84.5% (120 out of 142, denoted as 2 p ) and 23.1% (3 out of 13, denoted as 3 p ), respectively. Therefore, the log likelihood of a neighboring gene pair being in an operon is defined as follows. When a putative operon is conserved in only one reference genome, 
Conserved promoters from SIGSCAN
The promoter region of an operon typically consists of several regulatory elements located upstream of the first gene of the operon. Such regulatory elements play a key role in the transcription of the genes of an operon. They are usually conserved across related genomes and their existence could thus provide strong support for a predicted operon. Unfortunately, the promoter information is usually unavailable for a newly sequenced genome and they are hard to predict reliably based on a computational approach.
Here, we adopt a hybrid approach to promoter prediction. We consider a promoter region as a series of transcription factor binding sites (TFBSs). These transcription factors (TF) binding motifs may vary from operon to operon, but they are likely to be conserved in the upstream regions of matching operons from different species. Under this assumption, our prediction method makes use of a public-domain program, SIGSCAN (12) , to find TFBSs in the upstream regions of predicted operons. SIGSCAN searches the transcription factor database (TFD) developed by Ghosh (21) , which has a large collection of well-characterized TF binding motifs in both eukaryotes and prokaryotes, for matching TFBSs. If the found (prokaryotic) TFBSs are conserved in the upstream regions of corresponding candidate operons from several genomes, then we should have more confidence in the predicted operons. Moreover, one would expect that the second gene in an operon is less likely to have such conserved TFBSs.
Because the TFBSs in TFD were mainly extracted from E. coli K12, we first performed two experiments to test the applicability of SIGSCAN to our target genome. The first experiment involved (whole) regions between neighboring convergently transcribed genes and those between divergently transcribed genes. The former regions are naturally expected to have more TFBSs than the latter. In the following statistical calculations, overlapping gene pairs are excluded since there are no intergenic (non-coding) regions between them. Among all intergenic regions of two convergent genes in the WH8102 genome, 112 were found to have TFBSs while 169 regions were not. As a comparison, in all the intergenic regions of two divergent genes, 232 regions were found to have TFBSs while 186 were not. In the second experiment, we looked at the promoter region of homologous genes between WH8102 and E. coli K12. 62% of such homologous genes were found to either have conserved TFBSs or noTFBSs at all. These statistics demonstrate that the SIGSCAN program with TFD does work for cyanobacteria genomes (at least for WH8102 in our experiment), though its effectiveness and reliability may not be very high.
We then ran SIGSCAN on the promoter regions of the known operons from E. coli K12. In order to increase the amount of training data, 125 verified transcription units each containing a single gene (14) were also included in the test. (These transcription units are also called single-gene operons in some papers.). Because very few TFBSs were found to be conserved among the three involved genomes (i.e. E. coli K12, H. influenzae Rd and S. typhimurium LT2), we did not treat TFBSs conserved in three genomes and those conserved in two genomes separately. Operons that are not conserved in any reference genomes were ignored in the statistics (there are 44 such operons among the 237 known operons and 92 from the 125 single-gene transcription units). As a result, the first genes of 43.8% (99 out of 226 = 237 + 125 -44 -92, denoted as 0 p ) of the operons have TFBSs conserved in the 100bp upstream regions of at least two of the genomes, while 37.6% (79 out of 210 known operons with conserved second genes, denoted as 1 p ) of the operons have conserved TFBSs in the upstream region of their second genes. (Although some TFBSs are known to appear more than 100bp upstream of their respective coding regions, most key TFBSs that are conserved across microbes seem to concentrate in the 100bp upstream region and we focus on this small window for simplicity in this paper.) This only poses a weak discrimination; however the information could still be useful and it will be enhanced when more known operons become available. We define a loglikelihood value based on conserved TFBSs as: We further considered two specific TF binding motifs that exist in most of the promoter regions of prokaryotes: the Pribnow box located at -10bp from the transcription start site and the motif at -35bp where the sigma-70 transcription factor usually binds. The consensus sequence for Pribnow boxes is TATAAT and the consensus for the sigma-70 binding motif is TTGACA (22) . Our algorithm scans the upstream regions of candidate operons using a position specific score matrix (PSSM) (23) , trained on the known Pribnow boxes and sigma-70 binding sites, to detect pairs of such motifs separated by an almost constant distance (~17 bps). A likelihood value based on the existence of these two TF binding motifs can be defined in the same way as before. 79.6% (180 out of the 226 known operons with conserved first genes, denoted as 0 p ) of the known operons from E. coli K12 were found to have these motifs conserved in at least two genomes in the 100bp upstream region of their first genes, while 43.8% (98 out of the 210 known operons with conserved second genes, denoted as 1 p ) of the operons have motifs conserved in the upstream regions of their second genes. Hence, the log likelihood score for a candidate operon that has both of the motifs conserved in its 100bp upstream region is:
For simplicity, the overall likelihood score for a candidate operon based on its predicted promoter information is then defined as the average of ' 2 L and
Conserved terminators from TransTerm
Another key signal that can be used to validate a predicted operon is the terminator of an operon. A terminator usually marks the termination of a transcriptional process at the downstream of an operon structure. Therefore, we can use knowledge of terminators to infer operons that appear in upstream regions. Unfortunately, the prediction of terminator sites reliably is not a trivial task either.
There are two types of terminators: rho-dependent and rho-independent transcription terminators. The rho-independent terminator usually consists of a hairpin structure followed by a short uracil-rich region. The structure of rho-dependent terminators varies greatly so they are very hard to predict. Therefore, most proposed algorithms in the literature focus on rho-independent terminators. Although there has been some suspicion that many prokaryotes do not have many rho-independent terminators for transcription termination (24) , the TransTerm program (13) was able to successfully identify 214 (73 and 244) rho-independent terminators in WH8102 (MED4 and MIT9313, respectively). This indicates that these microbes do use the hairpin structure in transcription termination. Therefore, in our algorithm, we use TransTerm to predict rho-independent terminators in the downstream regions of candidate operons. The TransTerm algorithm scans the input genomes to find hairpins with adjacent uracil-rich stretches and calculates a confidence value for each one. The predicted terminators from TransTerm are then compared across genomes to identify operons with conserved terminators.
In order to formulate a likelihood score based on predicted terminators, we ran TransTerm on the data of the 237 known operons and 125 single-gene transcription units in E. coli K12 as we did for promoters. We did not consider terminators conserved in three genomes separately. The results of TransTerm show that 34.9% (78 out of 223 known oeprons with conserved last genes, denoted as 0 p ) of the operons have terminators conserved in at least two genomes in their 100bp downstream regions while only 11.3% (23 out of 203 operons with conserved second last genes, denoted as 1 p ) have conserved terminators in the 100bp downstream regions of their second last genes. We hence define the log likelihood value for a candidate operon that has a terminator conserved in at least two genomes as:
where l is the confidence score of the terminator from TransTerm (as a measure of the reliability of its prediction). If the operon has no conserved terminator, then 0 2 = L .
Our application results of SIGSCAN and TransTerm above show that neither of them could reliably predict promoter elements or terminators, partly due to insufficient studies on prokaryotic promoters and terminators (especially rho-dependent terminators). The overall likelihood score for a candidate operon, combining all above information, is then given by simply summing up values from each piece of the supporting information:
The summation is based on a simple assumption that all the supporting evidences for a candidate operon are independent of each other. The final step of our prediction method sorts the candidate operons in the decreasing order of their likelihood scores L . Roughly speaking, a positive L would suggest that the involved candidate operon is likely to be a true one and a negative L would suggest the opposite. Note that, our program outputs all candidate operons regardless of their likelihood scores, i.e. no threshold is applied here. This could be convenient for the users because they could then choose any threshold and apply it on the ranked list of candidate operons.
APPLICATION RESULTS
We have implemented the above method using public domain programs as well as our own algorithms described above and applied it to predict operons in two bacteria, E. coli K12 and WH8102, which have completely sequenced and annotated genomes. The first application serves as a controlled test while the second could provide useful information for a US DoE Genomes to Life (GtL) project (see the website <http://www.genomes2life.org/>) and to the research community on cyanobacteria studies.
Application to E. coli K12
In order to evaluate the performance of the operon prediction method described above, we applied it to the well-studied bacterial genome, E. coli K12 (data from GenBank under accession number NC_000913). By comparing the genome with another microbial genome, H. influenzae Rd (data from GenBank under accession number NC_000907), and using an intergenic distance threshold of 300 bps (chosen based on the intergenic distance information in the 237 known), our method predicted a total of 237 candidate operons shared by these two genomes. A further examination shows that these include 61 out of the 237 experimentally verified operons of E. coli K12 described in (14) . The result seems quite promising since only one reference genome was considered and the 237 verified operons might not be conserved in the reference genome. By comparing to more phylogenetically related genomes, we could identify more of these known operons. For instance, using both H. influenzae Rd and S. typhimurium LT2 (data from GenBank under accession number NC_003197) as the reference genomes, our method predicted 853 candidate operons in E. coli K12, including 178 of the 237 verified operons. 
Application to Synechococcus sp. WH8102
After the initial validation study, we applied our method to a newly sequenced microbial genome, WH8102 (15) , which is the focus of an ongoing US DoE Genomes to Life (GtL) project (see the website <http://www.genomes2life.org/>). The genome was downloaded from GenBank (under accession number NC_005070), and was compared to two closely related cyanobacterial genomes, MED4 and MIT9313 (data from GenBank under accession number NC_005072 and NC_005071, respectively). These genomes contain 2517, 1712 and 2265 annotated ORFs, respectively. In the step of pairwise comparison, 1448 pairs of matching genes were found between WH8102 and MED4, 1976 pairs were found between WH8102 and MIT9313, and 1422 pairs were found between MED4 and MIT9313. The 3-stage gene-matching graph obtained in this step is displayed in Fig. 4 .
The gene clustering process described in the above was then preformed to predict all probable operons in WH8102, using an intergenic distance threshold of 150 bps that was chosen based on the average distance between all consecutive genes in WH8102 (i.e. 96 bps) and the maximum intergenic distance in some well characterized operons of WH8102 and closely related microbes. This results in a total of 446 candidate operons. The conservation of the operons is as follows:
1. 206 of the operons are shared with both reference genomes, 2. 55 operons are shared with MED4 only, and 3. 185 operons are shared with MIT9313 only. Although very little is known in the literature about the (true) operons in WH8102, we have been able to identify several known operons from WH8102 or other cyanobacteria in the list of the predicted operons, such as the well-known carboxysome operon whose gene products participate in the carbon reduction cycle (Calvin-Benson-Bassham cycle) and some transporter operons (25) . Moreover, we have made several observations about these putative operons.
The average size of the predicted operons (i.e. the average number of genes in each operon) is 2.89, which is very close to the average size reported in the literature. For example, Zheng et al. (7) observed that the average size of operons remains as a constant around 3 in most of the genomes. A graphical illustration of the distribution of the sizes of our predicted operons is given in Fig. 6 . The average distance between neighboring genes in an operon is 21.8 bps. Salgado et al. (14) analyzed a data set of operons from RegulonDB and found that intergenic distances within an operon peak at some very small values. The two most frequent distances are4bp and -1bp (i.e. many neighboring genes overlap by a few bps). This phenomenon is also observed in our predicted operons, as shown in Fig. 6 The distribution of the likelihood scores of these putative operons is shown in Fig. 7 The following table shows ten putative operons with the highest likelihood scores. The functional information inferred from the COG database indicates that the genes in each operon are involved in the same biological process and thus the operons are likely to be true. The information will be useful in a genome-wide functional analysis (e.g. pathway construction) for WH8102. Although not many operons are known in WH8102, we have looked at a few known operons such as the well-known carboxysome operon consisting of 8 genes (data not shown) and 19 ABC transporter operons. ABC transporters are composed of multiple subunits often found on genes in operons (25) . They are the major family of transporters in WH8102. The individual genes were identified as in (15) and collected manually into operons. Our method was able to predict the carboxysome operon successfully. Table 3 exhibits the prediction results on the ABC transporter operons. Close to 50% of these operons were predicted exactly by our method and most of the remaining operons were partially predicted. Only two operons were completely missed. One of these is a likely transporter operon found only in WH8102, not the other genomes. The other WH8102 operon missed has genes that do not seem to be in an operon in the other two genomes. Moreover, almost all of these predictions had positive likelihood scores. 
DISCUSSION
The prediction of operons is an important and highly challenging problem in computational biology. The problem becomes even more difficult when not much experimental data is available. In this paper, we have presented an approach based on comparative genomics that incorporates several public-domain programs such as BLASTp, COGnitor, SIGSCAN and TransTerm. The approach has been tested on two bacterial genomes, E. coli K12 and WH8102, with very promising results. The candidate operons predicted for WH8102 are being used in the study of functional pathways in the organism, such as the phosphorus assimilation pathway (8) , and our future effort will include applying the prediction method to more genomes (e.g. we may include Prochlorococcus marinus sp. SS120 as an additional reference genome in the analysis of WH8102) and extending the method to allow gene insertions and deletions in an operon structure.
Our above prediction on WH8102 was based on the intergenic distance threshold of 150 bps. It would be interesting to know the sensitivity of the prediction results to this threshold (when it is sufficiently large). We have also considered two other thresholds, 100 bps and 200 bps. Using these thresholds, our method predicted 446 and 451 operons, respectively, in WH8102. These numbers are the same or a little bit higher than the number of operons predicted using threshold 150 bps, although the actual predicted operons are slightly different (data not shown) in all three cases because some operons could be merged and some new operons could be added when the distance threshold increases. This suggests that our overall prediction results on WH8102 were not very sensitive to the intergenic distance threshold, as long as it is larger than the average distance between all consecutive genes in the genome. We also plan to consider replacing the hard intergenic distance threshold by a more flexible constraint that takes into the common distribution of intergenic distances within known operons.
